Abstract: Online monitoring and feedback control are crucial elements in a commercial crystallization operation because they ensure key production variables are closely regulated so as to achieve specified textural and physical properties of the end-product. Digital image texture analysis is a promising method in monitoring and control systems, and is becoming increasingly more attractive due to availability of high speed imaging devices and equally powerful computers. This paper investigates the use of texture analyses in the form of fractal dimension (FD) and energy signatures as characteristic parameters to track the crystal growth. The methodology uses a combination of thresholding and wavelet-texture algorithms. The thresholding method is used to identify crystal clusters and remove empty backgrounds. Wavelet-fractal and energy signatures are performed afterwards to estimate texture on crystal clusters. A series of images obtained at different crystal growth stages during a NaCl-water-ethanol anti-solvent crystallization operation are investigated and their texture characteristics as well as transform tendency during the crystallization process are evaluated.
INTRODUCTION
The optimization of properties of crystals such as shape, size, orientation and distribution plays an important role in chemical, biotechnological and pharmaceutical engineering since they determine textural and physical properties of the final commercial products. Properties of end-product crystals are related to process parameters. In reality, inevitable process disturbances occur during crystallization affecting these properties and hence product quality. Monitoring and controlling crystal growth by characterizing crystals such as size is critical both for quality control of end products but also for proper design and development of crystallization processes.
Existing measurement methods of crystal size encompass sieving analysis, sedimentation analysis, sensing zone methods, optical methods, Fraunhofer diffraction, light pulses and image particle counters (John Garside 2002) . The sieve method is probably widely used in production environments. However, it has disadvantages such as needs of a relatively long preparation and measurement time. The other methods for determining size are based on a crystal suspension. The properties of the fluid in which crystals are dispersed affect analysis accuracy.
Digital images obtained from on-or off-line cameras, have become a powerful tool for monitoring and control due to developments in high speed digital imaging devices, equally powerful computers at reasonable costs and the adaptability to real-time application. Determining crystal mean size by automatic counting techniques is interesting and practical for on-line process control and monitoring applications. Dalziel et al (Dalziel 1999 ) developed an image analysis system for crystal sizing depending on the crystals' roundness. The SHARC algorithm (Larsen, Rawlings and Ferrier 2006) can extract particle size distribution information for moderate solids concentrations. However, these systems work well if every single crystal can be recognized, but could not perform well at high solid concentration suspensions.
A key challenge for automatic crystal imaging techniques is the touching and overlapping problem existing in crystal images. For low or medium solid concentration suspensions, physical dispersion is used to avoid this phenomenon prior to capturing the images. This can reduce but cannot eliminate touching and overlapping events because of the fact that dispersed crystals will flow together or ecliptically. For high solid concentration suspensions, this problem is even more common and no practical algorithm is available for on-line use. A multi-resolution fuzzy clustering approach was proposed to segment the touching areas between particles (Zhang, Abbas and Romagnoli 2011) . However, the overlapping problem is very difficult to be solved by this approach or other available computer techniques to identify individual crystals. Instead of detecting and characterizing every crystal, it is possible to extract size information by performing texture analysis on crystals irrespective of whether they are individuals or are touching and overlapping each other. It can be shown that images for small size crystals have a 'rough' texture, while those for large size are relatively 'flat'.
In this paper, a novel approach is proposed for crystal image texture analysis based on combing thresholding and waveletfractal-energy algorithms. Thresholding method can quickly detect crystal clusters and remove the background based on the intensity value and is a good choice for real-time application. Fractal dimension (FD) as the texture analysis parameter, estimated through a wavelet-fractal approach is a useful and quantitative analytical parameter to characterize many kinds of complicated self-similar substances in nature. It provides a non-integer value to describe crystal growth from crystal images from the point of view of surface roughness. Generally, the higher the value of the fractal dimension, the rougher the surface is. The pre-processing step of subtracting backgrounds eliminates their contribution to surface roughness. Furthermore, energy signatures, obtained from the wavelet coefficients, are utilized in the approach to build a statistical model towards the estimation and prediction of the mean crystal size from images taken along a typical crystallization run. The proposed approach can not only provide automatic texture estimation from crystal images but also has potential application in monitoring and control of crystal production processes.
IMAGE PRE-PROCESSING
Crystal images always contain background information which when removed leaves behind only information related to the crystals for the purpose of texture analysis and crystal feature extraction. The texture properties of the background such as smoothness can largely affect the analysis of the texture of the crystals. For instance, the presence of more background information leads to the texture of an image being smoother. In another case, the texture of crystals will also be smoother when larger crystals exist in the image. Thus, detecting crystals themselves or removing backgrounds are essential to accurately perform texture analysis. Typically, the edges of crystals appear darker in crystal images and thus have lower intensity values compared with backgrounds and with crystals themselves. Crystals, on the other hand, have similar intensity values as the background due to the fact that crystals are transparent and illuminations on both of them are similar during the image acquisition process. The threshold method is applied here to identify the crystal edges and remove the background.
Thresholding is a segmentation approach operating in a way of comparing objects' intensity values with a certain threshold value. If only one feature is of interest in an image, separating the image into two classes, a foreground and a background, by applying a single threshold value is sufficient during the thresholding process. The foreground is those pixels with higher intensity values than the threshold value and the upper boundary for thresholding implementation is the highest pixel value in the image; otherwise it is the background. In a thresholding algorithm, the threshold value is the significant parameter for successfully dividing segments, thus appropriately selecting the threshold value becomes the major concern. Otsu's global thresholding is a method for finding the optimum threshold value among the candidates under the circumstance of identification of only two classes in an image (Otsu 1979) .
TEXTURE ANALYSIS BY WAVELET TRANSFORM
Wavelet transform, a recent multi-resolution technique, can extract textural characteristics from crystal images. It can decompose a signal into several details and an approximation. Details carry the characteristic information such as edges of distinct objects distinguishing its corresponding signal from others. The approximation, on the other hand, usually reflects the intensity variance generated by lighting or illumination. Thus extracting features from details is more appropriate than from the approximation. As the number of crystal edges is the distinction between small and large crystals in images, texture features can be obtained from the point of energy distribution.
Wavelet transformation
Discrete wavelet transformation (DWT) is an efficient and accurate way used in this context since an image can be considered as discrete data. DWT calculates at selected scale a and location b parameter (Addison 2002) . They are discretized in such a manner that a and b are linked. The scale a is generally discretized in a logarithmic way Taking multi-resolution into consideration, we can write the function ) (x f as a sum of approximation of the function at arbitrary scale index 0 m and detail function from scale 0 m to  , using the approximation coefficients and detail coefficients:
Wavelet energy signature
After wavelet decomposition, the coefficient variance at scale m is calculated using the following equation:
According to this expression, wavelet coefficient variance can be explained as the average energy wrapped up per coefficient at each scale m . In this context, the detail variance is used as the wavelet energy signature.
Fractal-Wavelet Feature
Fractal dimension (FD) is a statistical real number that measures how complicated a fractal is. Fractals are objects that possess self-similar property, where fractals appear identical at different scales or numerical or statistical measures of fractals are consistent across scales. The reason why FD is selected as the texture feature is that the dynamics of crystal growth follows a fractal process and crystals in images exhibit statistical self-similarity in reality (VelazquezCamilo et al. 2010 ).
To calculate FD, we here use fractal-wavelet method which requires not only wavelet decomposition but also fractional Brownian motion (fBm) function in our work. The FD of an fBm function can be calculated through the relationship equation of
is the Euclidean dimension. The Hurst exponent, H , has a value between 0 and 1 characterizing fBm. It is an indicator to reflect the smoothness of the fBm function: the higher the Hurst exponent is, the smoother the fBm function is.
For an fBm, H also scales to wavelet power spectra ) ( 
CASE STUDY
To illustrate the procedures of texture analysis from crystal images, a methodology and a case study on a single image are discussed and implemented in this section. The methodology provides an explicit and concise approach combing thresholding and wavelet-texture algorithms. A case study, including a single image taken during an experimental run at the initial crystallization stage, shows the stepwise application of the methodology. The remaining crystal images at other crystallization stages (samples at different times during the crystallization process) were also investigated and their analyses will be discussed in the remaining sections.
Experimental and image acquisition setup
An experiment of an anti-solvent crystallization process was carried out, through the combination of the two main variables which can influence the speed of crystal growth (temperature and anti-solvent flowrate). In this study, the temperature was 30°C and anti-solvent flowrate was 1.5mL per min. The initial solution comprises 34g of NaCl with reagent grade purity of 99.9% and 100g of deionised water. The solution was added into a 1L Erlenmeyer flask which was immersed into an isothermal temperature bath and mixing was provided by a magnetic stirrer. Ethanol whose regent grade is 190 proof was added with a constant flowrate to the stirred solution using a peristaltic pump. 5 mL solution samples at 20min, 30min, 60min, 90min, 120min, 180min, 240min, 360min and 480min (labeled as Stages 1 to 9) were taken and filtered over filter paper with a vacuum pump and dried for further processing.
A laboratory scale software/hardware framework for capturing crystal images for this case study was setup. The experimental setting utilizes a USB microscope camera (model MD900) with a resolution of 2592 x 1944 pixels, which fits into the side tube on the side of the microscope with one of the supplied adapters and connects to a computer, and AMSCOPE software to capture images. The magnification used is 25x which corresponds to 0.775 Microns per pixel. This conversion factor was used to manually measure individual crystal sizes on each image. At each crystal growth stage, a set of 5 images capturing different amounts of crystals were sampled. 
Fractal dimension estimation
A sample image from stage 1 was used to illustrate the method of FD estimation from crystal images. The original grey crystal image in TIF format was imported for image analysis. The original grey crystal image was compressed and cropped with Microsoft Office Picture Manager into a size of 700*760 in JPG format as shown in Figure 1a to improve execution time for further analysis. To make calculations simpler, the image intensities were normalized with intensity values into a range of 0 to 1. The normalized image then underwent thresholding and morphological operations to detect crystal clusters. Otsu's method generated a threshold value of 0.5020 for the normalized image; which renders pixels with intensity value below 0.5020 belonging to edges. Threshold method resulted in a binary image shown in Figure  1b . The holes presented in the edge detection binary image correspond to crystal bodies in the original image. A morphological operation could fill the holes and generated the image shown in Figure 1c (crystal cluster binary image) which provides the location information of crystal clusters. The locations of each crystal cluster in crystal cluster binary image are the same as those in the original image since the size of the former image is the same as the latter. Identifying crystal clusters or subtracting backgrounds was achieved through determining the locations of crystal clusters and storing them in an empty image. The detected crystal clusters are depicted in Figure 1d .
The intensities of the crystal clusters were then rearranged in a sequence of the same column order connecting with the next row as a vector with a length of 113699. The rearrangement transfers the 2-D image problem into 1-D problem. The intensity vector was the input data for the wavelet-fractal analysis. The wavelet function and decomposition level are the two parameters for wavelet transformation. In this study, wavelet function 'db3' was chosen and decompositions at five levels were performed. The transformation results can be written in the form: W= {cd 1 , cd 2 , ….cd 5 , ca 5 },where W represents the signal data while cd and ca are details and approximation respectively. The subscript number indicates the decomposition level. We select details cd 2 to cd 5 for further analysis because cd 1 contains the high frequency noise and ca 5 captures the low frequency noise as non-uniform illumination. The variance of the detail coefficients and their 2-based logarithm were calculated as listed in Table 1 . Performing a least-square linear fit for 2-based logarithm of the detail variance and its corresponding decomposition level, we found the slope was 1.94. Using Equations (6) and (8) and the previously calculated slope, we calculated the Hurst exponent to be 0.47 and FD to be 1.53 when 2 was adopted as the Euclidean dimension for 1-D situation. Table 1 . Detail variance and its 2-base logarithm at four decomposition level.
THE RELATIONSHIP BETWEEN FRACTAL DIMENSION AND CRYSTAL GROWTH
This section focuses on investigating the relationship between the FD (and Hurt exponent) and the growth of crystals with the sets of images from nine crystal growth stages. The methodology for Hurst exponent/FD determination was applied on each image as before. The mean Hurst exponent/FD for each stage was the average value obtained from the set of images for that stage. The mean size for each stage was obtained from its corresponding image set which was measured manually by means of the sizing computer software (Amscope  ). are plotted as well in Figure 2 , distinctly displaying their tendency over time. During the crystallization process, the mean Hurst exponent and measured mean size increase sharply at the beginning and then increase gradually until they reach relatively constant values. The mean FD decreased quickly as time goes by to reach another relatively constant value. As expected, the figures illustrate that mean Hurst exponent/FD follows a similar/inverse changing pattern to measured mean size.
CRYSTAL MEAN SIZE PREDICTION
Given the fact that mean Hurst exponent/FD has a similar/inverse change pattern to measured mean size during crystallization process from the previous section, it is attractive to investigate the relationship between Hurst exponent/FD and measured mean size and then to predict crystal mean size with new data. The multivariate technique, partial least squares (PLS) regression, is used to find the linear relations between two blocks of data. PLS has been shown to be an effective prediction tool (Argaw, Alport and Malinga 2006) . In this section, a PLS model will be established to find the linear relationship between Hurst exponent/FD and measured mean size and this model will be used to predict mean size. The overall architecture of the approach is illustrated in Figure 3 , where both the training and testing steps are clearly described. Two data blocks, predictor variables X and response variables Y, are needed to be determined first when building a PLS model for crystal mean size prediction. In our application the texture features (wavelet energy signature and Hurst exponent/FD) were selected as the predictor variables and the crystal mean size as the response variable. In each set of sample images, the first three were used as the training data to establish the model. The predictor variables of the PLS model were stored in X as a [27(sample images) x 5(texture features)] matrix shown in Table 2 , where texture features are the wavelet energy signature at decomposition level 2 to 5 and FD. The wavelet energy signature is the variance of the detail coefficients in this work. The response variable Y is a vector of dimension 27 x 1, where the number of rows is equal to the number of sample images per stage (3) multiplied by the number of stages (9). Each value is the measured mean size, and for each stage, the measured mean size is the same. Before performing further analysis, both X and Y were normalized as a centered and scaled version.
It is crucial to select the optimal principal component number for the purpose of maximizing predictive significance in the way of capturing the most correlated variables and reducing redundancy. A practical and reliable way to determine how many principal components should be involved is calculating the cumulative variance percent. Since the first three components can capture 98.97% of the variance in the normalized X-block and 78.15% of the variance in the normalized Y-block, three components had been chosen for regression analysis in this application.
Implementing PLS regression on normalized X and Y with three principal components generates a series of regression coefficients B which can be used for prediction. Table 2 .
The validity of this PLS model is illustrated by comparing predicted (from training data) and measured mean sizes at all stages. To illustrate the goodness of prediction and the reliability of this PLS model, the R 2 statistics and the plot of predicted and measured value were used. For the present study a value of 90.78% was obtained. The circles in Figure 4 represent the scenario for the training data and track the diagonal line well. Both the R 2 statistic and the plot of predicted and measured mean size indicate good prediction for training data.
Next, the obtained PLS model was tested using new data (data not used for model training). In this regard, the last two sample images at each crystal growth stage comprise the testing data. The size related information hidden in the testing data was again extracted through texture analysis following the same procedure as those used for training data and stored it in a matrix X' displayed in Table 3 . A normalization was operated on X' to synchronize with the established PLS model. The prediction from testing data was calculated using the same regression coefficients B and the similar linear relationship of B X' Y'  n ⑼ Where is n Y' the normalized fitted response vector. Again, the inverse normalization operation was performed on to generate the fitted response values which were listed in Table  3 . The average of the fitted response values in each stage was considered as the predicted mean size and they were also 8th IFAC Symposium on Advanced Control of Chemical Processes Furama Riverfront, Singapore, July 10-13, 2012 listed in Table 3 . Fairly good prediction for testing data was obtained, with a R 2 statistic of 82.03%. Figure 4 graphically depicts the fit of the testing data. 
CONCLUSIONS
An image-based approach of texture analysis combining thresholding and wavelet-fractal for crystal growth monitoring was proposed and applied on a case study. This method could successfully and automatically identify crystal clusters and estimate the texture by means of FD and wavelet energy signature. The FD transformation tendency during the crystallization process had been investigated with the results that FD decreases fast at the beginning of crystallization and slowly as time goes by. The changing pattern of FD and crystal mean size during crystal growth was compared showing their similarity. The linear relationship of FD and crystal mean size had been extracted and built as a PLS model for predicting crystal mean size. These results attest the potential application of the proposed method for crystal production process monitoring and control. 
